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Abstract— Current models of human motor learning and  ior. Observations of slow finger movements [2], eye sac-
control typically employ continuous (or near continuous) cades [3], tracing constant curvature paths [4], cyclical
movement commands and sensory information. However, re- movements [5], [6], [7], infant reaching movements [8]

search suggests that voluntary motor commands are issued in ballisti ts [9 nts of recovering stroke
discrete-time submovements. There is also reasonable support allistic movements [9], moveme Vering

for the hypothesis that human sensory experience is episodic Patients [10], [11], and movements requiring high accu-
as well. These facts have motivated the development of a racy [12] are all consistent with a theory of submovements.
learning algorithm that employs discrete-time sensory and  The discrete-time nature of movement is evident not only
motor control events, S-learning. We present this algorithm in movement kinematics, but also in the electromyograph
together with the results of simulated robot control. The . ! .

results show that the learning that takes place is adaptive (EMC,;) signals of ag‘?”'St and antagonist muscles [21'

and is robust to a variety of conditions that many traditional Evidence for the discrete nature of sensory experiences
controllers are not capable of handling, including random is more subtle. The concept was originally proposed by
errors in the actuators and sensors, random transmission  \jlliam James [13] and more recently by Stroud [14].
time delays, hard nonlinearities, time varying system behavior, One particularly striking phenomenon that suggests discre

and unknown structure of system dynamics. The performance . is th heel illusi d
of S-learning suggests that it may be an appropriate high- sensory experience IS the wagon wheel illusion unaer

level control scheme for complex robotic systems, including Steady light. Due to the rapid series of photographs of
walking, cooperative manipulation, and humanoid robots. which movies are composed, it is commonly observed that

a spoked wagon wheel appears to rotate slowly backward
while rolling rapidly forward. Interestingly, the same et
can also be observed in life (as opposed to motion pictures)
under steady light [15], suggesting a periodic sampling
mechanism in human vision. In another experiment, two
When mathematically modeling human motor learninglights that blinked with a slight delay were occasionally
and control, it is common to make a number of assumpperceived to flash simultaneously [16], an occurrence that
tions: 1) Sensory information and control information arewas suggested to be a function of the phase relationship
usually considered to be continuous in time. 2) Perceptiomvith alpha (8-12 Hz) cortical rhythms [17]. Other obser-
and movements are often expressed in terms of fixedations that suggest discrete sensory experiences are the
external Cartesian coordinates. 3) In many cases, velocitgharp dependence of perceived causality on delay times and
acceleration, and higher derivatives of position are expli periodicities in reaction times [18]. A more in-depth ravie
itly represented in the motion planner. 4) Kinematic statesf the case for discrete perception is made in Ref. [19].
are assumed to be sensed at high resolution. While models
based on these assumptions can describe some aspects of Il. S-LEARNING
human movement, none of these assumptions has beenThe problem of learning to interact with an unknown
proven. In addition, these models are typically used onlyenvironment while having no explicit model of one’s own
to model and predict a limited class of movement ([e.g.dynamics is particularly challenging to address because of
ballistic reaching movements [1]). In this paper, we pr@oos its generality. Yet human infants presented with the prob-
an alternative motor learning model. This model employdem eventually manage to find a solution. Some previous
as working assumptions that both motor commands andiork in this area specific to navigation is motivated and
sensory information are passed in a discrete, episodidescribed in Ref. [20]. The algorithm we propose to address
fashion, quantized in time. this problem more generally is a reinforcement learn-
Evidence for discrete-time motor commands, also knowring algorithm [21], qualitatively similar to the temporal-
as submovements, is widespread and accounts for difference learning algorithm known as Q-learning [22]. It
large number of disparate phenomena in motor behawalso has a strong component of sequence learning, a tool

Index Terms— adaptive control, machine learning, discrete-
time, temporal difference learning
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used to model, among other things, handwriting genera- "‘I Begin new pattern observation

tion [23]. In contrast to common algorithms for sequence 2@ {

learning, such as Markov models and neura}l network;, the | Observe current state |_.7

approach we present does not collapse previous experiences f

into a statistical compendium (see Ref. [24]). Rather, it Comerate random

maintains a library of repeatedly observed patterns that is command input

referenced like a dgtabase. Due to the algorlthm’s emphasis 7 Extend pattern

on sequences, it will be referred to hereSkearning. with additional

Observe resulting events

Like Q-learning, S-learning can create a model using state

only a raw series of inputs and does not require a reward
function to be specified for each state. However, it differs
from Q-learning and other implementations of reinforce-
ment learning in that it does not require a fixed goal
state. In Q-learning, the goal or reward states must remain
constant for learning to take place. If the goal is changed,
all previous experience is rendered obselete. S-learning,
in contrast, addresses the time-varying-goal problem in
reinforcement learning by “remembering” sequences of
previous actions and sensory inputs. When a new goal is
presented, the S-learning algorithm searches past sezgienc L
for series of actions that moved the system from its current / 4
state to the desired state. It can utilize past experience to L

reach a novel goal. A /6

S-learning treats data categorically and has no explicit \R 7~
representation of distance between the inputs. Using $nput E
from the natural number line to illustrate, the numier

would not be assumed to be closer tahan would the 5

Increment count
for pattern

numberl, 000, 000; each would be interpreted as categori-
cally different than the others. (However, S-learning vaoul

quickly learn to associateand2 while making small steps  Fig 1. a)S-learning algorithm. The S-learning agent identi-
along the number line.) While this hinders the performancgies jts dynamics and those of its environment by randomly
S-learning in one sense by disregarding useful informationyenerating patterns and noting repeated occurrences. It
it also broadens the scope of problems S-leamning cafpitially observes its current state, generates a randqutjn
address to those incorporating categorical data, such agq then observes the resulting state. If it is a pattern that
ice cream flavors, text input, emotional states, abstragt has not encountered before, it records the pattern in
concepts, etc. In terms of human behavioral modeling, Sr‘nemory and repeats the process. If the pattern has been
learning provides a single tool that can model the leaming) eyiously observed, the agent notes the observation and
and control of both human movement and human cognitiony,en extends the pattern by generating another random

In S-learning, learning occurs by repeated observatiofnput. In this way, patterns of increasing length are reedrd
of sensory and control events. The block diagram in Figas training progressed) The simulated rotary pointer
la describes the process in detail. Motor and sensorfpbot showing 10 position sensing bins an& and L
events of different magnitudes are binned and treatehovement commands.
categorically; events falling into different categorie® a
initially considered to be unrelated. That is, extrapolati
and interpolation do not occur explicitly. During learning
(as in an infant), the motor control system issues a set 0= {x1,x2,X3,-} )
commands and observes the resulting sensory events. ASWherex is anevent andd is an ordered series of events.
patterns are observed repeatedly, they are recorded aB‘@dcan be a sensory event or a command event, a raw
extended. This growing library of patterns constitutes theyata measurement or a symbol, depending on the inputs
motor controller's “experience base.” A key feature of this; ihe S-learning algorithi, may be finite or infinite and
algorithm is that it is able to “bootstrap” a partial model of ;s hereafter referred to as theent stream. It represents
its universe, based on whatever experiences it has recordgel, \vhole of the “experience” of the learning algorithm.

to date. It is not paralyzed by the fact that it hasn’t alreadyPatterns, denoted byp, are finite series of events drawn
visited the entire state space. from 6:

In a more formal terms, consider the following defini- o }
tions: pi =Xt X% - X0} @



A pattern library, A, is an unordered set of previously be transferred to systems with more degrees of actuation

observed patterns: freedom, more sensors, and a greater range of actuator
outputs. The rotary pointer robot problem posed in this way
A ={p1,p2,p3,--} (3) s representative of far more complex learning problems.

. _ . An example of how S-learning operates shows the sim-

In gddmon, each library entry; has a counter associated plicity of the approach. One sample excerpt of an event
with it, N;, and a recency measure;. __history resulting from random movements might consist of

The S-learning algorithm processésby matching itS 3 R4ARS5L4R5L 4L 3L 2 The S-learning agent
first several elements W]\i}h a pattern from The longest yoy1q break the event history into short patterd® 4, 4
possible matchpas = {x1", .., X'}, is found for the first g5 51 4 etc. When these patterns are encountered again
n elements of), the countN;, associated with the library i, syhsequent excerpts of the event history, they will be
entry for p,, is incremented by one, and the correspondlngextended, producing patterns such3R 4 R 5, 4R 5 L
recency measurey,, is reset to zero. In additiong,+11S 4 gnd5L4R5R 6.
appended tg), to form a new patterpnew, that is then A simulation of S-learning applied to the pointer robot

added toX. _ _ system was implemented in C++. Six conditions were
Initially A = {(}. Patterns of increasing length are gjnulated:

“grown” as they are repeatedly observed. The storing of

actual patterns taken frofh as opposed to a statistical rep- Simple system.Measurement state$-36 and
resentation of the patterns (as in a Markov model), a||OW$:0mmand event® andL as described previous|y_
order and context-specific information to be preserved. The Hard stop. Same as the simple system, but with

gradual building of patterns is a means of limiting thea “hard stop” inserted at°) between position86 and
memory requirements of the algorithm. Instead of storing1, prohibiting continuous rotational movement. This is
a sparse N-dimensional matrix to track the occurrence 0dn example of a hard nonlinearity in the environment,
all patterns of length N, the non-zero entries are store@nalogous to intermittent contact in manipulation.

in list form. This allows the storage of long patterns with Sensory state scrambleSame as the simple sys-
large sets of distinct events in reasonable memory. Periodiem, but after 5000 trials, the numerical labels for sensory
“forgetting” of very rarely observed patterns will further states are reshuffled in random order. This is an extreme

limit the storage requirements. _ _ and discontinuous example of time variance. The system
S-learning can be applied to any discretized and quanchanges radically, making all prior learning inapplicable
tized stream of data. By using it to close a control loop, it Command reversal. Same as the simple sys-

can serve as a dynamic world modeler for an autonomougm, but after 5000 trials the commands “reverse”; an
system. This scheme is depicted in Fig. 1a. The command&k command producesounterclockwise motion and an
generation policy shown here is an exploratory one; if. command produceslockwise motion. This is another
generates random commands and observes the resulgample of a dramatic change in system dynamics. In this
More sophisticated exploration policies are possible. Modcase, an action has exactly the opposite of the intended
ification of S-learning’s command-generation policy to oneeffect.
of explicit goal-seeking transforms it from a randomly ex- Random error. Same as the simple system, but
ploring learning into an algorithm for closed-loop control with up to 5 of random error added to each command
The exploration policy can be replaced by a policy thatevent, resulting in movements of betweep &nd 15.
searches through the agent’s experience base to find thgith measurement resolution limited to°1@he error will
command that is most likely to lead to a desirable stateexpress itself as measurement states being either skipped
In this way, thoughtful selection of policy can yield highly or unchanged when a command is issued. The random
sophisticated agent behavior. variations are in essence a large, cumulative source o nois
with a signal-to-noise ratio near 1.

Random delays.Same as the simple system, but

Consider an implementation of S-learning in a simulateceach command event has a 50% chance of being delayed
rotary pointer robot (Fig. 1b). Possible sensory events foand executed at the instant thext command is issued.
the pointer robot consist of position sensing ir* 1ins,  As a result, when a command is issued, zero, one, or two
resulting in 36 distinct states (for convenience, numberedommand events may actually take place. Non-determinacy
1 through 36). Possible command events for the pointerin time is a feature of control across high-traffic networks,
are 10 rotation clockwise R) and 10 rotation counter- sych as the World Wide Web.
clockwise ().

While the rotary pointer robot is a simple simulation In each case, the S-learning agent generated random
that does not closely resemble the human neuromuscewommand events and attempted to predict the results before
lar system, it provides a generalized learning challengeexecuting the command. Predictions were generated by
Beginning with no model of the robot's function, no searching through previously observed patterns for in-
implied structure, and no connection between neighboringtances containing a portion of the current event history.
sensor states poses a learning problem that can easiatterns that provided the longest match with the event

IIl. SIMULATION



history were selected. Among those, patterns that were ' T
observed recently or that had been observed many timesog / N /
were favored more highly. Once a pattern was selected, a

prediction was obtained by reading “what happened next”
when the situation had been encountered previously:%ln 70}
each condition, the S-learning agent began with a cl@n S T~ =T -
slate; that is, there were no previously observed expegiers 60 [ /
upon which to build. As a result, lack of prior experien@ 50}
made it impossible for the agent to offer a prediction h wl = -
some cases. These were counted as unsuccessful prédic- e e
tions. 3 V'/ ........... Hard nonlinearity

(]
It is worth noting that the prediction tasks demon-

strated here are nontrivial. The five conditions contained
instances of hard nonlinearities, dramatic time variance, 10}
large stochastic movement error, and nondeterministie tim

Simple system

Sensor scramble

— — Gainreversal
— — Random error
—.—. Random delay

delays, any one of which can impose insurmountable chal- 4 2 3 4 5 6 7 8 9 10
lenges for certain learning algorithms. However, they are )
challenges that the human motor learning mechanism rou- N thousand trials

tinely faces and successfully overcomes without difficulty Fig. 2. Simulation performance. Six different conditions
Taken together, they constitute something of a provingvere imposed: the simple system (bold solid line), the
ground for any model of motor learning purporting to system with a hard stop (dotted line), the system with
describe that of a human. scrambled sensory state labels (fine solid line), the system
with a command reversal after 5000 trials (fine dashed
line), the system with randomness in the movement am-
glitude (dashed line), and the system with a random time
@Iay (dash-dot line). The scrambled label condition and
the gain reversal condition represented perturbationseo t

19 (observed 6 times after 10,000 trial2p R 26 R 27 L simple condition that began during thf'ghousand trials.

562; ?_52? 26b(obse(;vi(i ? tlmes)l, a;‘ﬁiz R23L thZhR 2_3 | Prior to that, their performance curves are represented by
(observe imes). In the case of the simp €he simple system curve.

system, a total of 2155 repeated patterns were observed,
occupying 599 kilobytes of memory. The longest patterns
observed included five movement events, a limit imposed o )
by the software, rather than by the inherent function of thétd rarely produced any prediction at all. In the former it
S-learning agent. On average, patterns contained betwedf@S Worse than useless; it was misleading. It produced a
3 and 4 movement events. Simulating 10,000 trials for on@ediction, but an incorrect one.
condition took approximately two minutes. Given that the The introduction of random noise into the movement
simple system was learned within the first 2000 trials, onlyamplitude made perfect prediction impossible. The noise
24 seconds were required to learn the system’s dynamicmplitude was equal to the resolution of the position
completely. measurement, 20 As a result, knowledge of the current
The results of the simulations are shown in Fig. 2. Asposition allowed prediction of the subsequent positiorhwit
shown in the plot, the S-learning agent achieved 100%&n accuracy of only 50%. With a longer event history, it
accuracy in the simple system after 2000 trials. The Swas possible to increase the accuracy, but only to a certain
learning agent showed similar performance in the presencextent. The learning agent began with a prediction accuracy
of a hard stop. In both these conditions, the performancélightly higher than 50%, and gradually it increased to near
of the system is deterministic, allowing correct prediotio 70%, reflecting this.
at every time step. Random time delays introduced the possibility that zero,
Scrambling the sensory state labels changed the systeome, or two command events might be executed at once.
fundamentally, making the probability of encountering aWith a 50% probability of delay, at any given time step
previously observed pattern small. Learning essentiallfhere was a 25% chance that no command would be
began from scratch, and the initial learning transient wagxecuted, a 25% chance that two commands would be
repeated after scrambling. Reversing the directions of thexecuted simultaneously, a 25% chance that the previous
commands resulted in a marked decrease in performan@®mmand alone would be executed, and only a 25% chance
initially, but the agent recovered within 4000 trials afteat  that the current command alone would be executed. As
and predicted the last 1000 trials perfectly. It is likelnth a result, even once the behavior of this simple system is
the “reversed” state took so much longer to learn than théearned, only a 25% success rate can be expected with
“scrambled label” state because in the latter the S-legrninno knowledge of prior events. However, with a complete
agent’s previous experience was completely inapplicabl&nowledge of prior events, it was possible to infer whether

IV. RESULTS

During simulation of each of the six conditions, the
learning agent generated a database of patterns. Repres
tative patterns observed weté R 17 R 18 R17 L 18 R



the prior command event had been executed, allowing #s potential to scale to more complex systems, it may lower
theoretical prediction accuracy of 50%. The learning agenthe barrier to entry for research involving large degree-of
began with prediction accuracy slightly higher than 25% freedom biologically-inspired robots.

and that accuracy climbed to just over 45% after 10,000
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